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The rapid evolution of metagenomics and high throughput sequencing technologies has revolutionised 41 the study of microbial communities, giving new insights into the role and identity of the uncultivated 42 microbes which account for the majority of metagenomic sequences (Solden, Lloyd et al. 2016) . 43
However, the majority of microbial sequencing efforts have focused on the characterisation of 44 prokaryotic microbes. Viral metagenomes (viromes) are dominated by novel sequences, often with up 45 to 90% of sequences sharing little to no homology to reference databases (Aggarwala, Liang et al. 46 2017). Bacteriophage, the most abundant members of viral communities, play a key role in the 47 shaping the composition of microbial communities and facilitate horizontal gene transfer (Paul 2008) . 48
Viromes have been shown to play a role in global geochemical cycles (Breitbart 2011) and have been 49 studied in varied ecosystems including the ocean (Hurwitz and Sullivan 2013) . Viromes of the human 50 body are of particular interest, where they have been linked to disease status (Norman, Handley et al. 51 2015) , maintaining human health (Manrique, Bolduc et al. 2016 ) and shaping the gut microbiome in 52 early life (Lim, Zhou et al. 2015 , McCann, Ryan et al. 2018 ). Due to the predominance of 53 uncharacterised viral sequences "viral dark matter"; (Roux, Hallam et al. 2015) , and the lack of a 54 universal marker gene, virome studies rely on database independent analysis methods and depend 55 heavily on de novo assembly to resolve viral genomes from metagenomic sequencing reads. 56
Metagenomic assemblers typically use de Bruijn graph (DBG) approaches to address the 57 complexity and size of metagenomic datasets in an accurate and efficient manner. Microbial 58 metagenomes pose significant challenges to DBG assembly when compared to single genome 59 assemblies often complicating the DBG and leading to fragmentation and/or misassembly (Olson, 60 Treangen et al. 2017). These challenges include uneven sequencing coverage of organisms within the 61 metagenome, the presence of conserved regions across different species, repeat regions within 62 genomes and the introduction of false k-mers by both closely related genomes at differing abundances 63 and sequencing errors at high read coverage. This hampers the use of coverage statistics to resolve 64 repeat regions between and within genomes (Olson, Treangen et al. 2017) .
A wide array of metagenomic assembly programs have been employed, each addressing 66 aspects of metagenomic challenges to varying degrees. However, many of these programs have been 67 designed and optimised for bacterial metagenomes, which share many assembly challenges of 68 viromes but to a lesser degree. Virome data is characterised by high proportions of repeat regions 69 within viral genomes (Minot, Grunberg et al. 2012) , hypervariable genomic regions associated with 70 host interaction (Warwick-Dugdale, Solonenko et al. 2018) and high mutation rates which lead to 71 increased metagenomic complexity and strain variation (Roux, Emerson et al. 2017 ). Low DNA 72 yields also limit read coverage and often require a multiple displacement amplification (MDA) step 73 which has been shown to preferentially amplify small single stranded DNA viruses ( Accurate comparison of metagenomic assemblers is complicated by the unknown 83 composition of metagenomic datasets and the limited applicability of general assembly statistics such 84 as N50 ( 
Results

105
Simulated virome dataset 106
The ability to accurately recover each of the 572 members of a published simulated community 107 (Hesse, van Heusden et al. 2017) and the degree of fragmentation, was assessed by aligning the 108 resulting contigs from each assembler to the reference genomes ( Fig. 1 ). MetaVelvet was not included 109 in this analysis as it failed to reach completion after seven days. Approximately half of the genomes in 110 the community featured an average recovered genome fraction less than 75% and exhibited higher 111 degrees of fragmentation (>10 contigs per genome on average) across all assemblers. For 87 of the 112 572 genomes there was an average recovered genome fraction of less than 20% across all assemblers 113 (the low recovered genome fraction of VICUNA was excluded as an outlier). Of these genomes, 84 114 were present at low abundance (lowest 40% of all abundances normalised to genome length). The 115 remaining three genomes were present at higher normalised abundances (50 -80 th percentile) but 116 featured the some of the highest proportions of genomic repeats (70 th -90 th percentile). 117
Normalised genome abundance within the community had a strong positive correlation with 118 recovered genome fraction across all assemblers ( Supplementary Table 1 , Additional file 5) and was 119 verified using a linear model (Supplementary Table 2 , Additional file 5), with the exception of 120 SOAPdenovo2, which was negative. Normalised abundance also correlated negatively with the 121 degree of fragmentation (number of contigs) across all assemblers except Velvet which was positively 122 correlated and Geneious which was not significant (Supplementary Table1, Additional file 5). None 123 of the genomes in the lower 30 th percentile of normalised abundance featured an average recovered 124 genome fraction greater than 75%, further exemplifying the impact of low sequencing coverage. 125
However high abundance did not consistently improve genome recovery and of the 172 genomes in 126 the top 30% of normalised abundance, 20 featured an average genome fraction below 50%. The 127 distance of the log transformed (due to extremes in values) normalised abundances from the mean was 128 negatively correlated with recovered genome fraction across all assemblers (correlation coefficient: -129 0.42, p-value < 2.2e -16 ). Of 171 genomes in the 40 th -60 th percentile of normalised abundance 29 130 featured an average genome fraction below 50%. This indicates factors other than abundance may 131 hamper genome recovery. MIRA and Geneious both recovered a greater fraction of low abundance 132 genomes with fewer contigs than other assemblers. However, MIRA assemblies of 13 of the most 133 abundant genomes in the community (highest 10%) exhibited the highest degree of fragmentation in 134 the study, generating between 401 and 2983 contigs per genome. 135
The proportion of inverted repeats, palindromic repeats, tandem repeats and a total proportion 136 of genomic repeats was calculated for each genome. The total percentage of repeat regions predicted 137 in each genome was positively correlated with the degree of fragmentation observed in each assembly 138 across all assemblers with the exception of Ray Meta (Supplementary Table 3 , Additional file 5), and 139 negatively correlated with recovered genome fraction across all assemblers except ABySS (k-mer 140 63/127), Geneious, and SOAPdenovo2. When this relationship between repeat regions and the 141 recovered genome fraction was assessed using a linear model, correlations were significant for CLC, 142
MIRA, Ray Meta, Velvet, and all parameters of SPAdes (Supplementary Table 2 , Additional file 5). 143
Both the proportion of repeat regions in a genome and the relative abundance of that genome 144 contribute to the variation in recovered genome fraction, though each explain a separate aspect of this 145 variation. No interaction was found between these two metrics. 146 VICUNA, Ray Meta, SOAPdenovo2, Geneious, ABySS (both k-mer sizes) and Velvet 147 recovered under 50% of the total genome fraction (all genomes in the community). VICUNA 148 produced just four contigs in total with high levels of mismatches (174 per 100kb on average) which 149 could possibly linked to the format of the artificial reads as this was not observed in real sequencing 150 data. The five assemblers which recovered the highest genome fraction overall were SPAdes 151 (default), MEGAHIT, SPAdes (single cell), SPAdes (single cell + careful) and CLC. All assemblers 152 achieving a minimum average genome fraction of 50% were subjected to a ranking system 153 ( Supplementary Table 4 , Additional file 5). To compare both recovery and fragmentation assemblers 154 were ordered from best to worst based on genome recovery and number of aligned contigs. The The accuracy of assemblies was assessed by calculating the average count of indels, 163 mismatches, and misassemblies per 100kb across all genomes. These counts were normalised to the 164 number of genomes each assembler recovered with a minimum genome fraction of 50%. These were 165 ranked according to their performance in all three metrics ( Supplementary Table 4 , Additional file 5), 166 with assemblies from Velvet having the lowest overall counts followed by ABySS, IDBA UD, 167
MEGAHIT and Ray Meta. With the exception of Ray Meta and SOAPdenovo2, the number of 168 mismatches per 100kb was negatively correlated with both genome abundance and recovered genome 169 fraction across all assemblers ( Supplementary Table 1 , Additional file 5). 170
The rate of false positive (no alignment to reference genomes) and false negative (recovered 171 genome fraction of 0%) contigs assembled allowed for the determination of sensitivity. A number of 172 assemblers had a sensitivity greater than 97%, however each returned greater than 7,000 contigs, 173 inferring a high degree of fragmentation (Table 2) . MIRA assembled (partial or complete) 559 of the 174 genomes with a false positive count of just four. However, this was achieved from more than 27,000 175 contigs. ABySS (both k-mer sizes), Geneious, Ray Meta and Velvet returned very few false positives 176 but failed to detect many of the genomes present. SPAdes (meta) performed best with 558 of the 572 177 genomes detected and only five false positives resulting from 7419 contigs. 178 Two mock viral communities were used to investigate the impact of high and low abundance ssDNA 183 viruses on assembly performance. Mock A (Table 3a) contained 12 viral genomes, 10 of which were 184 at equal abundance (9.82% of the total community) and two ssDNA genomes (NC_001330 and 185 NC_001422) at low abundance (0.92%). Analysis of this community showed that although some 186 assemblers, namely CLC, Geneious, SPAdes (single cell) and VICUNA, detected all 12 genomes, this 187 was at the expense of a large number of false positives (1143, 53, 1513 and 4969 respectively). Velvet 188 and MetaVelvet generated no false positives, but failed to assemble three genomes, while ABySS (for 189 both k-mers) generated a large number of false positives and failed to assemble four and six genomes, 190 respectively. IDBA UD and Ray Meta outperformed the other assemblers with an equal number of 191 contigs to genomes (12), followed by MEGAHIT, SPAdes (default) and SPAdes (meta) with 13, 14 192 and 14. Mock B (Table 3b) CLC (99.5%) and Geneious (99.1) ( Fig. 3) . However, only MEGAHIT assembled the Q33 genome 243 with a contig equal in length to the genome itself. SPAdes (meta) and CLC generated assemblies 244 shorter than the reference genome by 86 and 141 bases. VICUNA (723), Geneious (1765), and Ray 245 Meta (9884) each generated assemblies longer than the reference genome. SPAdes (default) SPAdes 246 (single cell), IDBA UD and SPAdes (single cell + careful) each assembled Q33 in 2, 3, 4, 5 and 5 247 contigs, respectively. Ray Meta and VICUNA assemblies had the lowest number of mismatches and 248 indels per 100kb, however Ray Meta exhibited the highest rate of misassemblies (2 relocations, 1 249 inversion). All assemblers featured a minimum of one local misassembly with the exception of 250 SPAdes (meta) did not feature any. The six best assemblies of the Q33 genome and the genome itself 251 are syntenic (although occasionally on the reverse strand) and the start and end point were not 252 conserved (Fig .3) . 253
False Positives
False Negative
Read depth analysis (Time and RAM)
RAM usage via four published healthy human gut viromes (Manrique, Bolduc et al. 2016 ) and various 256 sequencing depths . It must be noted that all assembly tasks were allocated five threads, however 257 specifying the number of threads did not change the number of threads used by certain programs. 258
MetaVelvet was not included in this analysis as it failed to reach completion after running for seven 259 days. CLC and Geneious were performed on a desktop computer and therefore excluded from time 260 and RAM analysis. Run time is dependent upon the number of reads and this is largely linear in scale 261 with more reads leading to an increased assembly time (Fig. 4a ). MIRA and Vicuna (Fig. 4a insert) 262
were the slowest with MIRA taking over 15 times longer than the other software to assemble 3.5 263 million reads. SOAPdenovo2 had the shortest completion time followed by IBDA UD and Velvet. 264
Most assemblers were consistent across samples (observed via error bars) with the exception of 265
MIRA and Ray Meta. MIRA, Vicuna and Velvet (Fig. 4b insert) had the highest max RAM usage 266 while the lowest was Ray Meta, IDBA UD and SPAdes (meta) (Fig. 4b) . The majority of assemblers 267 observed a linear scale pattern similar to that of run time. 268
Read depth analysis N50 and Longest contig length 269
For both the N50 (Fig. 4c ) and the longest contig length (Fig. 4d those assemblers which could recover greater than 90% of the reference genome in a single contig, 304
SPAdes (default) outperformed SPAdes (meta). This may be explained by a lack of strain variants in 305 the dataset and the fact that SPAdes (meta) was optimised to combine strain variants of each species 306 to form consensus sequences. 307 A subset of genomes were poorly recovered (<20% genome fraction) by nearly all 308 assemblers. This observation indicates that there are challenging aspects of viral genomes and 309 metagenomes which cannot be overcome with current assembly strategies. The strong positive 310 correlations between the relative abundance and genome fraction suggest that a low abundance 311 threshold applies to virome assembly, below which assemblies will consist of small fractions of the 312 viral genome, and in most cases be highly fragmented. This detrimental impact of low coverage has 313 been well established in previous assembly comparison studies ( Performance of some assemblers in this study was hampered by high coverage datasets 335 (namely overlap consensus assemblers). VICUNA assemblies exhibited the highest degree of 336 fragmentation of all assemblers with Mock A, despite having resolved both high abundance ssDNA 337 genomes of Mock B to a single contig. MIRA also exhibited a high degree of fragmentation with high 338 abundance genomes in both simulated and mock datasets. However, MIRA was least affected by low 339 abundance reads, recovering a greater genome fraction of low abundance genomes than other 340 assemblers with fewer contigs. Assembly challenges of high coverage sequences in viromes may 341 potentially be addressed by sub-setting reads similar to the assembly approach used by 342 SLICEMBLER (Mirebrahim, Close et al. 2015) . were improved using Geneious, resolving greater genome fractions with fewer contigs (despite 348
Geneious recovering a lower genome fraction of the Simulated dataset overall). It is possible that 349 using these approaches could address issues facing each assembler, i.e. combine the assemblies of 350 SPAdes (meta) which performs well across all 4 datasets but struggles to recover low abundant 351 genomes, with MIRA assemblies which are less affected by low abundance but has difficulty 352 resolving genomes of higher abundance. Comparison of multi-assembler approaches and 353 combinations of various assemblers was not within the scope of this study, but should not be ruled out 354 as a potential method of improving virome assembly in cases where composition could be assessed 355 and obvious assembly challenges were known to be present. 356
Across all analysis methods in this study, SPAdes (meta) performed consistently well and 357 would be our recommendation. It performed best in the Simulated data based on false positives, true 358 positives and false negatives, best assembled the Q33 genome (recovery, fragmentation, 359 misassemblies and genome size) and performed well with both mock communities in recovering all 360 members accurately in one or two contigs. SPAdes (meta) RAM usage was low and did not increase 361 to the same degree as other assemblers with increasing sequencing depth. This recommendation is in 362 agreement with previous comparisons (Vollmers, Wiegand et al. 2017 ) which also suggested using 363 SPAdes (meta) due to its ability to accurately assemble members of bacterial metagenomes. SPAdes 364 (meta) is less able to accurately reconstruct micro-diversity as it generates a consensus assembly of 365 "strain-contigs" in a metagenome, which means it is better equipped to address the high mutation 366
rates observed in virome data (Nurk, Meleshko et al. 2017 ). This recommendation is also concurrent 367 with a previous study (Roux, Emerson et al. 2017 ) which found IDBA UD, MEGAHIT and SPAdes 368 (meta) to perform equally well when assessed using 14 simulated viromes. However, we found that 369 has limited application to large datasets. MEGAHIT also performed well across all datasets 376 performing well in relation to recovery, fragmentation and accuracy, but encountered some recovery 377 issues in mock datasets and minor accuracy issues with the Q33 genome. 378
The higher levels of accuracy (low mismatch indel and misassembly counts) of assemblers 379 which performed poorly in other metrics namely (velvet and ABySS (k-mer 63), highlights the trade-380 off between accuracy and contiguity observed in previous assembly studies (Gritsenko, Nijkamp et al. 381 2012, Lin and Liao 2013). However, both IDBA-UD and MEGAHIT performed well for accuracy, 382 genome recovery and fragmentation. These assemblers may be worth considering if strain level detail 383 is of particular importance. The mock A and B datasets were used to assess the impact of 384 amplification bias on assembly performance. All ssDNA assemblies featured an equal minimum 385 number of mismatches across both Mock A and B. This may be caused by challenges in the genomes 386 themselves hampering accurate assembly, but is more likely to reflect strain variation between 387 genome sequence featured in the original publication and the genome of the phage used in the 388 community itself. 389
The Q33 spiked virome consisted of pooled reads from three healthy human faecal samples, 390 each of which having been spiked with 10 7 PFU ml -1 of lactococcal phage Q33 prior to virome 391 extraction. This allowed for assembly comparison of one abundant member of a challenging viral 392 community. Despite the high relative abundance of the Q33 genome, only 6 assemblers could recover 393 over 90% of the genome in a single contig, of these SPAdes (meta) and MEGAHIT reconstructed the 394 Q33 genome accurately without the introduction foreign or chimeric DNA. It was also noted that the 395 genome synteny was conserved across these six assemblies. This may reflect circularization of the 396 linear Q33 genome during DNA extraction as the presence of cos sites has been previously predicted 397 (Mahony, Martel et al. 2013) . 398
The longest contigs of each assembler were only detected at the highest sequencing depths 399 and varied across assemblers, which may indicate that high coverage is necessary to recover the 400 largest viral genomes in a community. However, it is also possible that these long contigs may reflect 401 misassemblies and duplication events caused by read errors at high sequencing depths which must be 402 and assembly time, reflecting limitations of the overlap consensus approach to assembly. This limits 416 their applicability to large virome datasets, and further increases the time required to carry out the 417
Geneious assembly approach which requires the output of both assemblers. Despite the long runtime, 418 VICUNA did not adhere to the number of cores specified, instead using all available cores. All other 419 assemblers had a similar time requirements (with the exception of SOAPdenovo2 which performed 420 poorly across all datasets). Of the assemblers which consistently performed well in terms of accuracy, 421 genome fraction recovered and fragmentation, SPAdes (meta) was most efficient in terms of RAM 422 usage, which did not increase to the same degree as other assemblers with increasing sequencing 2016). As a result, it is likely that true diversity of viral metagenomes is not being accurately captured 430 using current virome extraction methods. However, as these procedures move away from steps known 431 to introduce bias, greater diversity will be observed. In this sense, the level of complexity of the Q33 432 dataset, which pooled three independent human viromes, provides a useful testbed for metagenomic 433 assemblers in future virome studies as extraction methods improve. Additionally, Q33 was not present 434 in the viromes prior to spiking, assemblers were not challenged by the presence of native strain 435 variations of Q33 genome. In this study, assemblers were compared without individual optimisation 436 to the specific dataset. Feasibility dictates that, this "straight out of the box" approach to assembly is 437 used by almost all metagenomic assembly comparisons. Additionally, as the true composition of 438 metagenomes is unknown, any impact of parameter optimisation must be estimated from general 439 assembly statistics such as N50 and longest contig which have been highlighted to be of limited Genome fraction "is the total number of aligned bases in the reference, divided by the genome size. A 532 base in the reference genome is counted as aligned if there is at least one contig with at least one 533 alignment to this base. Contigs from repeat regions may map to multiple places, and thus may be 534 counted multiple times in this quantity." 535 N50 "is the contig length such that using longer or equal length contigs produces half (50%) of the 536 bases of the assembly. Usually there is no value that produces exactly 50%, so the technical definition 537 is the maximum length x such that using contigs of length at least x accounts for at least 50% of the 538 total assembly length." 539 Number of contigs "is the total number of contigs in the assembly that have size greater than or equal 540 to 0 bp." 541
Misassemblies "is the number of positions in the assembled contigs where the left flanking sequence 542 aligns over 1 kbp away from the right flanking sequence on the reference (relocation) or they overlap 543 on more than 1 kbp (relocation) or flanking sequences align on different strands (inversion) or 544 different chromosomes (translocation)." 545 Local misassemblies "A local misassembly has two or more distinct alignments covering the 546 breakpoint, the gap between left and right flanking sequences is less than 1 kbp and the left and right 547 flanking sequences both are on the same strand of the same chromosome of the reference genome." 548
